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Introduction
In the past decades, considerable research effort has been directed to the scientific analysis of calendar effects in stock market returns because their identification may allow the implementation of profitable investment strategies (see Lucey and Pardo, 2005; Ariss et al., 2011) . Probably the most prominent of these effects are the Monday effect (see French, 1980; Pettengill, 2003; Keef et al., 2009) , where Mondays' returns are much lower than other days of the week, the January effect (see Gultekin and Gultekin, 1983; Keim, 1983; Yao, 2012) , where returns are much higher during the month of January than any in other month, and the turn-of-the-month effect (see Ariel, 1987; Kunkel et al., 2003) , where returns at the end and at the beginning of a month tend to be higher than on other days. Recent research also considers Halloween effects (see Bouman and Jacobsen, 2002; Haggard and Witte, 2010) and even calendar phases exhibiting certain climate patterns (see Lucey, 2005, 2008) .
However, there is one effect that has received only limited attention − the superstitious Friday the 13th effect that attributes bad luck and thus low or negative returns to this specific calendar day. In their seminal article, published in the prestigious Journal of Finance, Kolb and Rodriguez (1987) found evidence in favour of this effect. Specifically, they showed that for the CRSP equal and value weighted indices, mean returns for Friday the 13th were significantly lower than for other Fridays. This result quickly prompted further research. In an examination of the S&P 500 index, Dyl and Maberly (1988) concluded that the mean return for Friday the 13th is higher than for regular Fridays. However, the differences were not statistically significant. 1 Chamberlain et al. (1991) found negative mean Friday the 13th returns but highlighted that after considering the turn-of-the-month effect, there is no evidence implying that Friday the 13th influences market returns. In an analysis of 18 countries, Agrawal and Tandon (1994) state that while the typical Friday the 13th return is positive it is statistically insignificant. However, nine of their 18 non-US indices reveal a lower mean return on Fridays the 13th compared to other Fridays. For the FTSE indices and FT-30 index, Mills and Coutts (1995) and Coutts (1999) observe a higher mean return on Friday the 13th compared to all other Fridays. Lucey (2000 Lucey ( , 2001 , Patel (2009) and Botha (2013) point out that all Friday the 13th papers noted above have chosen to employ classic t-tests casting some doubt on the statistical reliability of their results because it is well-known that their use is critical in the presence of typical stock return characteristics (e. g. non-normality). Using a non-parametric Kruskal-Wallis test, Lucey (2000 Lucey ( , 2001 finds that for 9 out of 19 developed stock markets, Friday the 13th mean returns are significantly greater than on regular Fridays. In only one country, South Africa, the mean return on Fridays the 13th is lower than on other Fridays. Patel (2009) employs the non-parametric Mann-Whitney test for the S&P 500 and the NASDAQ index and finds that stock returns on Friday the 13th are not significantly lower than those of other Fridays. Applying the Kruskal-Wallis test, Botha (2013) also finds no evidence for the Friday the 13th effect in five African countries. Two other recent papers also use more sophisticated statistical methodology. Peltomäki and Peni (2010) apply a dummy-variable approach within standard autoregressive time series regression models for the S&P 500 and the Dow Jones Industrial Average index to analyse a slightly modified definition of the phenomenon. They suggest that returns on trading days prior to (after) Friday the 13th should be lower (higher) than on average because of fear-related selling (relief-related buying) but find only limited and not robust evidence for this hypothesis. Keef and Khaled (2011) estimate a basic dummy-and GDP-augmented panel regression model for 62 international stock indices and come to the conclusion that the depressed Friday the 13th effect is present (absent) when the return on the prior day is negative (positive) and that the effect is independent of a country's GDP.
Our article contributes to this line of research in several ways. First, prior research mainly concentrates on the US and other developed stock markets. By focusing on the countries India, Indonesia, Malaysia, the Philippines, South Korea, Taiwan and Thailand, we test for the Friday the 13th effect in emerging Asian stock markets. Second, we are the first to not only analyse the impact of Friday the 13th on mean stock returns but also on stock market volatility. 2 This is because the bad luck may also manifest itself in the form of higher volatility on that specific calendar day. Third, our empirical analysis is conducted on the basis of a more adequate statistical framework than used in previous studies. Specifically, we use a dummy-augmented GARCH specification that can capture important empirical features like leptokurtosis and volatility clustering observed in stock return data. 3 Most studies dealing with calendar effects are usually carried out (with the usual linear regression model) under the assumption that error terms, and hence the returns, follow a normal distribution with constant variance (see de Jong et al., 1992) . If these assumptions are violated, t-statistics will be biased towards finding calendar effects (see Connolly, 1989 ). The GARCH model applied in our study is capable of dealing with those problems and it makes the interpretation of t-statistics more robust. Furthermore, it is a natural choice for studying the direct effect of events on stock return volatility (see Choudhry, 2000) .
The remainder of the article is organised as follows: Section 2 starts with a description of the econometric framework for testing the Friday the 13th effect. Section 3 presents the data set that is used in our study and provides a first descriptive analysis of Friday returns in emerging Asian stock markets. Section 4 contains the empirical analysis, including reported results, while Section 5 concludes.
Methodology
To statistically investigate the Friday the 13th effect, this article employs a simple state-of-the-art GARCH framework. Starting point is the well-known GARCH model proposed by Bollerslev (1986) . We extend this standard model in two ways. First, in order to capture serial correlation in stock returns, we follow Bhattacharya et al. (2003) and add lagged returns to the mean equation. Second, to test for Friday effects in the returns and the volatility, we add two dummy-variables to both the mean and the variance equation. 4 This leads to the following GARCH(p,q) specification:
Here, the log return R t on a stock index at day t is considered to be linearly related to its lagged values R t−i , i = 1, ..., m, two dummies F t and F 13 t , and an error term t . The dummy F t (F 13 t ) takes the value 1 if the day t is a Friday (Friday the 13th), and is 0 otherwise. t depends on past information ψ t−1 and is assumed to follow a conditional normal distribution. Thus, our model allows a conditionally heteroscedastic error distribution and, as a direct consequence, even captures fat-tail behavior (see Tsay, 2005, chpt. 3.5) . As in the classic GARCH model, the conditional variance h t depends upon the squared residuals 2 t−j , j = 1, ..., p, of the process and lagged values h t−k , k = 1, ..., q, of the conditional variance. In our model, it is additionally related to two seasonal dummies.
In order to determine the size of m, p and q for each country, we employ a model selection procedure similar to Bollerslev (1988) and Choudhry (2000) . The basic idea is to estimate models for different combinations of m, p and q and to evaluate their general descriptive validity. We start with a basic specification that assumes no serial correlation in returns (m = 0) but a typical GARCH process in the conditional variance (p = 1, q = 1). Model parameters are estimated by the maximum likelihood procedure (see Davidson and MacKinnon, 2004; Greene, 2008, chpts. 13.6 and 19.3) . To assess the adequacy of the model, we test the standardised residuals ( t /h 0.5 t ) and the squared standardised residuals ( 2 t /h t ) for serial correlation by means of the Ljung and Box (1978) test. Absence of serial correlation in the standardised (squared standardised) residuals implies the lack of need to encompass a higher order AR (GARCH) process in the mean (variance) equation. In case of serial correlation, we add AR and/or GARCH terms. We continue this procedure until we come up with a specification of (at conventional levels of 1%, 5% or 10%) significant AR (β i ) and GARCH (ζ j , η k ) parameters that is free of serial correlation. 5 This preliminary specification is then tested for robustness with respect to two commonly used alternative GARCH models. This means that we add the term κh t (or κh 0.5 t or κln(h t )) to the mean equation (1) to convert the model to a design of the GARCH-M type proposed by Engle et al. (1987) . This modeling is reasonable since the return of a security may depend on its volatility. The significance of κ then determines whether the extended model should be preferred to the initial one. Furthermore, to consider that shocks with opposite signs may impact volatility to a different extent, we also employ the T-GARCH model of Glosten et al. (1993) and Zakoian (1994) . To this end, product terms are added to the variance equation (3). For example, in a model with p = 1, we add λ 1 2 t−1 D t−1 , where D t−1 is a dummy that takes the value 1 if t−1 < 0 and 0 if t−1 ≥ 0. This way a positive t−1 contributes ζ 1 2 t−1 to h t , whereas a negative t−1 has larger impact (ζ 1 + λ 1 ) 2 t−1 with λ 1 > 0. This mechanism creates a skewed error distribution. 6 After finding the final adequate specification for each country, we can use the dummy variable coefficients to test for two Friday effects. First, empirical studies have documented that the average return on Fridays is abnormally high (see Jaffe and Westerfield, 1985; Keim and Stambaugh, 1984) . This phenomenon can be analysed by the sign and significance of the coefficient γ 1 because a positive and significant γ 1 would indicate that returns on Fridays are significantly higher than on other weekdays. The coefficient θ 1 allows us to answer the question whether the volatility on Fridays is different from other weekdays. Second, we can analyse the impact of Friday the 13th on returns and volatilities. A negative and significant γ 2 would indicate the classic Friday the 13th effect. That is, a lower return than on regular Fridays because of the occurrence of this specific calendar day. Friday the 13th may also show itself in the form of a positive and significant θ 2 because this superstitious day may cause extraordinary market turbulences compared to other Fridays.
Data
We utilise a data set consisting of the FTSE stock indices for India, Indonesia, Malaysia, the Philippines, South Korea, Taiwan and Thailand. Our country selection is motivated by the emerging markets study of Choudhry (2000) . Unlike Agrawal and Tandon (1994) and Keef and Khaled (2011) , we do not resort to national stock indices because these necessarily differ markedly in terms of composition method, coverage and technical detail, making results for different countries not strictly comparable. Instead, we follow Lucey (2001) and use FTSE indices that are designed for comparability and provide an ideal dataset for the investigation of the return phenomena across different emerging markets. The price indices are measured in local currency terms, which eliminates the danger of conflation of potential Friday the 13th effects in the stock and the foreign exchange market. 7 The time period covered is July 1996 to August 2013. Daily log returns R t of a specific index for day t are calculated as percentages in the conventional fashion using the formula R t = [ln(I t ) − ln(I t−1 )] · 100, where I t represents the closing value of the index on day t (see Peiró, 1994) . 8 In terms of the theoretical sample size, this results in 4467 daily returns, 864 regular Fridays and 29 Fridays the 13th for each country. Because missing index values occur on days when a stock exchange is closed (because of predictable holidays or unexpected events), the actual sample size is typically lower (see Chamberlain et al., 1991) and differs from country to country. Antoniou et al. (1997) argue that in emerging market studies thin-trading or other kinds of non-trading days leading to unchanged prices (zero-returns) can negatively influence empirical results. Thus, we also exclude these days and finally come up with the sample sizes reported in Table 1 . 9 Table 1 analyses the basic characteristics of the return series for all seven countries. Along with calculating the mean, standard deviation, skewness and kurtosis, we test for normality of returns and for serial correlation in returns and squared returns by means of the Jarque and Bera (1987) and Ljung and Box (1978) tests. This testing is important for three reasons. First, strong kurtosis in returns indicates the adequacy of robust standard errors for inference (see Bollerslev and Wooldridge, 1992) . Second, significant serial correlation in returns requires the inclusion of lagged returns as explanatory variables in GARCH mean equations (see Bhattacharya et al., 2003) . Third, significant serial correlation in squared returns highlights time-varying volatility and thus the general appropriateness of GARCH modeling (see Joy, 2011) .
The highest (lowest) mean return can be observed for the stock market index of Indonesia (Taiwan). Volatility takes its highest (lowest) value in South Korea (Malaysia). 10 As far as the further distributional properties are concerned, the skewness in the data can be regarded as mild (see Lucey and Tully, 2006) but high kurtosis indicates strong deviations from normality. In fact, the null hypothesis of normally distributed returns is rejected at a 1 % level for all countries. Furthermore, we find highly significant evidence of serial correlation in returns and squared returns for all countries. 11 Table 2 reports descriptive statistics for the returns on regular Fridays and Fridays the 13th. As we can see, mean returns on Friday the 13th tend to be positive. Negative mean returns can only be observed for the Philippines and Thailand. Minimum and maximum returns on Friday the 13th are smaller (in absolute 7 Lakonishok and Smidt (1988) , Fishe et al. (1993) and Mills and Coutts (1995) note that conclusions of calendar effects are usually unaffected irrespective of whether dividend adjusted data is used or not.
8 Unlike previous studies, we do not exclude non-Friday returns because this would not allow full information GARCH modeling and thus deliver no adequate description of the return generating processes. 9 However, note that even without this correction our empirical results remain almost unchanged. 10 A closer look at the first two moments reveals that recent evidence on a partially inverse risk-return relation (see Ang et al., 2006 Ang et al., , 2009 Blitz and van Vliet, 2007; Baker et al., 2011) may also hold in an emerging market context. 11 This is in line with earlier evidence that shows how returns from almost all capital markets are at least weakly related to their past values (see Campbell et al., 1997) . values) than on regular Fridays. Only for the Philippines and Thailand, mean returns on Friday the 13th are lower than on regular Fridays. However, this observation is only of descriptive nature and does not allow conclusions regarding the (statistically significant) existence of a Friday the 13th effect. Figure 1 gives a more detailed picture of the returns on Friday the 13th. It is immediately apparent that no systematic pattern emerges in the returns. This means that neither a strong negative nor a strong positive return tendency can be observed. However, for example, there is a light negative tendency for the Philippines. Even though one negative return observation strongly influences this tendency, it should not be excluded as an outliner because it represents no data error but a valid return of the population. Table 3 presents the GARCH estimation results for our seven countries. Besides some statistics for diagnostic checking (log-likelihood value and Ljung-Box test results for the standardised and the squared standardised residuals), we report the estimates for the model parameters in the mean and variance equations. Their corresponding t-statistics are given in parentheses. 12 As far as t-statistics are concerned, Tsay (2005, chpt. 3.5) argues that the tail behavior of GARCH models often remains too short (even with the standardised Student-t innovations suggested by Bollerslev, 1987) . In this case, the GARCH parameter estimates will still be consistent, provided the mean and variance equations are correctly specified. However, the estimates of the covariance matrix will not be consistent resulting in incorrect standard errors and t-statistics.
Empirical results
To avoid this problem that is very likely to occur in our high-kurtosis data (see Table 1 ), we compute the quasi-maximum likelihood covariances and standard errors proposed by Bollerslev and Wooldridge (1992) for obtaining our t-statistics. Our model selection procedure finds that, with the exception of Taiwan, a GARCH(1,1) specification is suitable for all our stock market returns. Our two alternative GARCH models (GARCH-M and T-GARCH) do either have no empirical support or do not provide notable improvement in fit. This undermines the findings of and Hansen and Lunde (2005) that this simple heteroscedasticity design is sufficient for most financial time series. 13 The Ljung-Box test statistics show that the models' standardised and squared standardised residuals are free of significant serial correlation at orders typically relevant for daily return data. This implies proper mean and variance specifications. While for Malaysia, South Korea, Taiwan and Thailand all estimates of the parameters β i are significant at conventional levels, we had to include lagged returns in the mean equations for India, Indonesia and the Philippines that are only close to a 10 % significance in order to obtain models that pass the Ljung-Box test. 14 Similarly, the variance equation for Taiwan contains one ARCH coefficient ζ j with a t-value of 1.44, while all other models show only highly significant GARCH effects ζ j and η k . All estimated GARCH processes show a high degree of persistence. That is, the sums of ζ j and η k are all close to one.
Concentrating on the dummy variables in the mean equations first, we find a significant and positive coefficient γ 1 for Indonesia, Malaysia, the Philippines and Thailand. This result implies that in these stock markets mean returns on Fridays are significantly higher than on other weekdays and thus supports the previous findings of Keim and Stambaugh (1984) and Jaffe and Westerfield (1985) for developed stock markets. Inference for the coefficient γ 2 indicates a Friday the 13th effect only for the Philippines. Here, returns on Friday the 13th are significantly lower than on regular Fridays. We can also observe this negative impact on mean returns for Thailand. However, for this country, it is not statistically significant. 15 For South Korea, we can observe a significant inverse Friday the 13th effect. Here, returns on Friday the 13th are significantly higher than on regular Fridays. For all other countries, i. e. the majority of countries, we cannot detect any significant effects.
Turning to the dummies in the variance equations, we can see that the coefficient θ 1 is insignificant for all countries implying that volatility on Fridays does not significantly differ from other weekdays' volatility. Results for θ 2 show that Friday the 13th significantly influences stock market volatility only in Indonesia and the Philippines. However, the sign is different from our expectation. Friday the 13th does not lead to increased but reduced volatility in comparison to regular Fridays. For all other countries, we find no significant effects.
Before stating a final conclusion on the Friday the 13th effect in emerging Asian stock markets, an important result from the literature has to be taken into consideration. Chamberlain et al. (1991) documents that Fridays at the turn-of-the-month 16 exhibit an enhanced turn-of-the-month effect. This implies that an 13 Similar indications can be found in the emerging stock market study of Choudhry (2000) , the precious metal research of Lucey and Tully (2006) and the diamond, currency and developed stock market analysis of Auer and Schuhmacher (2013) and Auer (2013) .
14 Note that dropping the variables with t-values between 1.1 and 1.6 does not influence our conclusions regarding the Friday the 13th effect in our selection of stock markets.
15 Thus our GARCH models nicely resemble the negative mean Friday the 13th returns for the Philippines and Thailand documented in Table 2 . 16 In the literature, the turn of the month is defined as the last calendar day of the prior month and the first three calendar days of the new month (see, for example, Lakonishok and Smidt, 1988; Kunkel et al., 2003; McConnell and Xu, 2008) . empirical analysis may be biased towards finding a significant Friday the 13th effect since the returns of the regular Fridays are enhanced by the turn-of-the-month effect. However, no bias exists if the turn-ofthe-month effect has the same influence on the returns of all days. To counteract this potential bias for our Philippines model and as a robustness check, we followed Keef and Khaled (2011) and incorporated a dummy-variable for the turn of the month in our model. As Fridays may also be affected by the January effect, we also included a suitable January-dummy. However, in both cases, our Friday the 13th dummy remained negative and significant.
Conclusion
Recent research directs increased interest towards the Friday the 13th effect of Kolb and Rodriguez (1987) because evidence on this phenomenon could indicate that stock markets are impacted by human superstition. That is, investors may tend to sell stocks on that specific calendar day because of the perception that it is attributed to bad luck. As a consequence, they would cause the negative market impact of which they are afraid of, themselves.
Most previous studies find that Friday the 13th returns are not lower, but may even be higher than the other Friday returns. Furthermore, some articles show that a Friday the 13th effect may only exist under certain conditions (see Section 1). As existing studies mainly cover developed stock markets and use statistical methodologies that do not capture important characteristics of daily stock returns, our article extends the literature by examining the phenomenon in an emerging Asian stock market context and by using a state-of-the-art GARCH methodology. Even though we find a significant Friday the 13th effect in the stock returns of the Philippines, we cannot conclude that the phenomenon is robust across countries. Five of seven countries show no significant effects at all. For one country, we can even observe a significant inverse Friday the 13th effect. In a further analysis of the impact of Friday the 13th on stock market volatility, we find that contrary to intuition Friday the 13th is accompanied by reduced volatility. However, this reduction is only significant in two of seven cases.
As evidence on this superstitious effect is rather disappointing in an emerging Asian stock market context, two directions may be suggested for future research. First, one might leave the boundaries of time series models that concentrate on explaining the behaviour of a series based on its own past. The mean equations of the model presented in our article may be extended by including factors of systematic risk that have been identified in the literature. For example, one could construct the well-known factors of Fama and French (1993) and Carhart (1997) for the emerging Asian markets in our sample. Second, researchers may direct their attention away from stock markets and towards markets where research on calendar effects is extremely thin. One example for such markets is the precious metals market. Even though scientists have already discovered many important properties of the investment returns on those metals (see, for example, Lucey, 2011) , research on seasonalities has just begun (see Lucey and Tully, 2006; Lucey, 2010) . So far there exists no study on the Friday the 13th effect in those markets.
